Recently, long noncoding RNA (lncRNA) were implicated in the etiology of alcohol dependence (AD). As lncRNA provide another layer of complexity to the transcriptome, assessing their expression in the brain is the first critical step towards understanding lncRNA functions in AD. To that end, we profiled the expression of lncRNA and protein coding genes (PCG) in nucleus accumbens (NAc) from 41 subjects with AD and 41 controls. At false discovery rate (FDR) of 5%, we identified 69 and 309 differentially expressed lncRNA and PCG genes, respectively. Using co-expression network analyses, we identified three lncRNA and five PCG modules significantly correlated with AD at Bonferroni adj. p≤0.05. To better understand lncRNA functions, we integrated the lncRNA and PCG hubs from the significant AD modules; at FDR of 5%, we identified 3 151 positive and 2 255 negative correlations supporting the functional role of lncRNA in the development of AD. Gene enrichment analysis revealed that PCG significantly correlated with lncRNA are, among others, enriched for neuronal and immune related processes. To highlight the mechanisms, by which genetic variants contribute to AD, we integrated lncRNA and PCG hubs with genome-wide SNP data. At FDR≤0.3, we identified 276 expression quantitative trait loci (eQTL), affecting the expression of 20 and 256 lncRNA and PCG hubs, respectively. Our study is the first to profile lncRNA expression in nucleus accumbens in a large postmortem alcohol brain sample and our results may provide novel insights into the regulation of the brain transcriptome across disease.
Introduction
Alcohol Use Disorder (AUD) is a chronic and debilitating disease with an estimated heritability around 50% (1) . Previous postmortem brain expression studies have shown that chronic alcohol consumption leads to broad transcriptional changes in different brain regions (2;3) . Gene expression studies in prefrontal cortex (PFC), have identified genes encoding to GABAA receptor subunits or related to mitochondrial function(4;5) as well as in functions related to myelination, cell cycling, oxidative stress, and transcription (2;6-11) . Expression studies in nucleus accumbens (NAc) and ventral tegmental area (VTA), have also revealed gene expression changes related to cell architecture, signaling, vesicle formation and synaptic transmission (7) . These findings suggest that there are region-specific susceptibilities and adaptations to chronic alcohol consumption in the brain that are likely to have a distinct effect on the behavioral phenotypes comprising AUD (12) .
Evaluation of the regulatory mechanisms underlying genetic differentiation is necessary to better understand the neurobiology of alcohol addiction (13) . The recent emergence of long noncoding RNA (lncRNA) has provided an additional layer of transcriptional and translational control that could highlight important neurobiological mechanisms underlying AUD that could be missed if only the protein coding genome was studied. LncRNA are longer than 200 base pairs (bp) with limited or no protein coding potential (14) and while they have not been functionally fully characterized yet, they were shown to participate in chromatin remodeling (15) , transcriptional and post-transcriptional regulation (16) , and in sequestering miRNA (17;18) . LncRNA have also been implicated in the plasticity of neuronal circuity (19) and in neurodegenerative and neuropsychiatric disorders including substance abuse and alcohol dependence (20;21) ; the potential role of lncRNA in the etiology of AUD was also further supported by several recent alcohol-related genome-wide association scans (GWAS) (22;23) . Due to the complex nature of lncRNA functions, the relationship between lncRNA and alcohol consumption has been understudied; while miRNA roles in the control of gene expression and functions in the brains of subjects with AUD have been reported (2;24-27) , to our knowledge the interactions between lncRNA and protein coding genes (PCG) are still largely undescribed.
Gene expression alone cannot explain the complex etiology of AUD and assessing lncRNA and PCG expression in the context of available genetic data is necessary to discern the genetic basis of AUD susceptibility. This approach models associations between genetic variants and gene expression as quantitative traits, i.e. expression quantitative trait loci (eQTL) (28) (29) (30) . EQTLs can help discover unknown AUD risk loci or offer specific, testable, hypotheses for the genetic impact of polymorphisms associated with AUD (31) (32) (33) . Linkage disequilibrium (LD) of eQTLs with genetic variants implicated in AUD can further establish a biological mechanism for disease-associated variants with no apparent functions; there is empirical evidence suggesting that eQTLs are overrepresented among GWAS signals (34;35) .
We hypothesize that lncRNA are involved in the neuropathology of AUD and that, on a molecular level, this involvement is manifested by differential patterns of expression between cases with alcohol dependence (AD) and controls. To better understand the lncRNA disease functions in subjects with AD we further performed a weighted gene co-expression network analysis (WGCNA) that led to identification of lncRNA and PCG modules significantly correlated with AD. Key genes from these lncRNA and PCG modules (i.e., 'hubs') were then correlated with each other to identify a set of interacting lncRNA and PCG modules. Since lncRNA are not yet annotated, we used system approaches to assign biological functions for the PCG hubs interacting with the lncRNA hubs. By integrating our genome-wide SNP and expression data, we also identified expression quantitative trait loci (eQTL) affecting the expression of lncRNA and PCG in NAc. In this study, our overall goal is to profile lncRNA and PCG expressions in NAc and test whether these are under the control of specific genetic elements. To the best of our knowledge this is the only study to comprehensively assess the lncRNA expression between subjects with AD and controls in postmortem AD case and control brain tissues. 
Methods and Materials

Postmortem tissue
RNA isolation and sample selection
Total RNA was isolated from 50mg of frozen tissue from NAc using the mirVana-PARIS kit (Thermo Fisher, Carlsbad, CA), following manufacturer's protocols. RNA concentration was measured using the Quant-iT Broad Range RNA Assay kit (Life Technologies), and the RNA Integrity Number (RIN) was measured on the Agilent 2100 Bioanalyzer (Agilent Technologies, Inc., Santa Clara, CA).
Expression arrays and data normalization
The RNA samples were assayed using the Arraystar Human lncRNA Array v3.0 (Rockville, MD, USA) that is designed to profile both lncRNA and PCG. The expression values were calculated and normalized using the 75 th percentile value for each microarray in the Agilent Feature Extraction text file, followed by Log2 transformation and batch effect removal in the Partek® Genomics Suite® (PGS) software, v6.6 (St. Louis, MO, USA). Probes with expression values outside the detectable 'spike-in' range in more than 50% of the sample, or if they were flagged as "gIsWellAboveBG = 0" and "gIsPosAndSignif = 0" in more than 75% of the arrays were excluded from the downstream analyses.
Upon removal of low expressed probes, the final number of probes that were used in the subsequent analyses was 19,458. The efficiency of batch effect removal and overall array quality were assessed using principal components analysis (PCA) on the expression values in which each array is plotted along the first three principle components (PCs) to identify potential outliers. Of the 82 samples, 9 samples were excluded due to low RINs (i.e. RINs≤4), leaving 73 samples for the microarray run. Of the 73 samples run on the array, 8 samples (5 cases and 3 controls) did not load on two of the first three PCs and were removed from the subsequent analysis, leaving a final sample size of N=65.
Statistical Analyses
Gene Expression Analysis
The univariate gene expression analyses were performed in the Number Cruncher Statistical Software (NCSS) v11, using a robust multiple regression model (2) . Prior to the main analyses, technical (e.g. RIN, PMI, RI) and biological (e.g. smoking, medication, age) confounds and the first 5 principle components (PCs) were used as covariates in the regression analysis. Microarray reliability was validated by assessing the expression of 5 genes at the Arraystar facilities using quantitative PCR (qPCR). The assessed genes showed very high correlation between the two platforms (Suppl.
Methods and Suppl. Fig. 1 ).
Weighted Gene Co-expression Network Analysis (WGCNA)
Gene co-expression networks were constructed separately for the lncRNA and PCG using the WGCNA v1.36 package in R environment (v3.5.2). While, WGCNA allows for the inclusion of additional variables, it does not correct for their effects, therefore the gene networks were built using the residuals from the regression model. WGCNA relies on pair-wise Pearson correlations to generate a signed similarity matrix, selecting for positive correlations only. The signed similarity matrix of the lncRNA and PCG expression data was raised to the lowest power (β=8 and β=11, respectively) that approximated a scale-free network topology (R 2 >0.90), to generate an adjacency matrix. A topological overlap measure (TOM) was calculated to assess transcript interconnectedness.
A dissimilarity measure was calculated from the TOM and was subsequently used for average linkage hierarchical clustering. Module definition parameters included a minimum module size of 35 genes, DeepSplit 4, and a minimum module merge height of 0.8.
Following module definition, the first principal component of each module -the module eigengene (ME) -was calculated as a synthetic gene representing the expression profile of all genes within a given module. Modules are named by a conventional color scheme and then correlated to AD case-status, matching demographics and relevant covariates. Statistical significance was assessed at Bonferroni-adj. p≤ 0.05 (corrected for number of tested modules).
To identify the set of genes with a high module membership and phenotype association, (i.e. the hub genes), we applied two selection criteria: 1) genes with the high intra-modular connectivity (r 2 ≥0.7) and 2) significantly correlated with AD(36).
Gene Set Enrichment Analysis
Gene set enrichment analysis (GSEA) was used to detect known biological processes and pathways enriched within the PCG modules using GSEA v2.2.3 software from the Broad Institute as previously described (37;38) . Individual gene lists for each of the PCG modules significantly correlated with AD were generated by rank-ordering all differentially expressed PCG by their module membership (MM) to each of the AD-associated modules. Prior to running GSEA, the transcript IDs were converted to HUGO Gene Nomenclature Committee (HGNC) (39) . We derived the a priori gene Default parameters were then applied to give a minimum and maximum a priori gene set size between 15 and 500 genes, respectively. The identified enriched pathways were further adjusted for multiple testing at FDR of 25%.
Correlation Analyses
The expression values of lncRNA and PCG hubs from the significant modules, were correlated (Pearson r) with each and adjusted at FDR of 5%, separately for the negative and positive correlations. To better understand the biological significance of these correlations, we performed gene enrichment analysis, in the Co-lncRNA webtool (http://bio-bigdata.hrbmu.edu.cn/Co-LncRNA/) using KEGG pathways. The significance of the enrichment analysis was assessed by hypergeometric test and further adjusted for multiple testing at FDR of 10% (40) .
eQTL Detection
The genotype calls were generated as part of a larger meta-GWAS study (22) and were integrated with the lncRNA and PCG hubs expressions to identify expression quantitative trait loci (eQTLs) for the lncRNA and PCG. Following a previously described approach and to retain power only local, cis-eQTLs, were assessed(2). Specifically, SNPs located 1 mega base pairs (Mbp) upstream and downstream from the selected lncRNA and PCG hubs were filtered with Plink v1.07 to exclude variants in LD (R 2 ≥ 0.7)(41). To reliably estimate the eQTL effects in a sample size of 65, we further considered only SNPs with a minor allele frequency (MAF) ≥10%. After LD pruning we retained 58 317 SNPs which were tested as eQTLs. SNP impact on gene expression was detected by MatrixEQTL software package in R in using a linear regression framework and adjusting for the potential effects of the first 5 PCs(42). The significant eQTL results were adjusted for multiple testing at FDR of q≤0.3.
Test for GWAS association signals enrichment
The assessment of enrichment for low p-values was performed by using the SST test (43) .
Briefly, for the analysis we used the latest data from the Psychiatric Genomic Consortium (PGC) GWAS of AUD (44) . As the postmortem brain sample is composed of subjects with European (EU)
ancestry, for our analysis we used the EU sample of 46K subjects (Suppl. Methods).
Results
Chronic alcohol consumption leads to generalized gene expression changes between cases and controls
At the nominal p≤0.05 we identified a total of 2,859 probes differentially expressed between AD cases and controls, representing 676 lncRNA and 2,135 PCG that compromise 3.4% and 11% of the total gene pool assayed, respectively. Similar to previous studies, the overall number of differentially expressed genes was greater than expected by chance (hypergeometric p=1.3x10 -5 ) suggesting that chronic alcohol intake leads to generalized changes in the brain transcriptome(2;45).
At FDR of 5% we identified 69 lncRNA and 309 PCG. Interestingly among these we also identified a few pseudogenes with evidence for differential expression. An unsupervised hierarchical clustering of the standardized expression values (i.e., values shift to a mean of 0 and standard deviation of 1) of all differentially expressed PCG and lncRNA genes at the nominal p≤0.05 showed general patterns of association between gene expression and diagnosis (Suppl. Fig.2A and 2B). The significant results from the univariate gene expression analyses are provided in supplementary table (Suppl. Table 2 ).
lncRNA and PCG show a disease relevant network pattern
While the gene expression analysis identified differentially expressed genes in NAc of subjects with AD, these do not provide an integrative view of the interaction between the lncRNA and mRNA genes. Therefore, we performed a weighted gene co-expression network analysis (WGCNA) (46;47) separately on the nominally expressed lncRNA and PCG at p≤0.05. We chose this threshold in order to: i) include genes with smaller effect size (which otherwise would be excluded with more stringent statistical criteria), ii) enrich for genes likely to play role in AD, and iii) retain a sufficient number of genes for building of gene co-expression networks. In the lncRNA network analysis, we identified a total of 5 modules (Fig. 1)(46) , of which three modules (Mbrown, Mblue, and Mgrey) were significantly correlated with AD at a Bonferroni adj. p≤0.01. In the PCG network analysis, we identified 11 modules, five of which were significantly correlated with AD at a Bonferroni adj. p≤0.005 (Fig.2) . In addition to the main dichotomous case/control status, we also tested additional quantitative alcohol related phenotypes such as age of initiation of alcohol drinking, amount of daily alcohol consumption and years of drinking. We identified one module (Mgreen) and two modules (Mbrown and Mgreen) as significantly correlated with amount of daily alcohol consumption at a Bonferroni adj. p≤0.05 in the lncRNA and PCG analyses, respectively. Interestingly, two of the five PCG modules were significantly correlated with both AD and amount of daily alcohol consumption, while in the lncRNA analysis, we did not observe overlap between modules associated with AD (i.e. Mbrown and Mblue) and daily alcohol consumption (Mgreen). Full tables with module size, correlations and p-values for all PCG and lncRNA modules correlated with AD and daily alcohol consumption are provided in supplementary tables (Suppl . Tables 3 and 4) .
To ensure the robustness of our gene co-expression networks and reduce the potential influence of outlier samples on network structure, we used the robust 'boostrapped' version of WGCNA (rWGNCA). We performed 100 iterations in which networks were created after randomly subsetting 2/3 of the total samples as previously suggested (48) . The resulting 100 networks were then merged into one large, final consensus network; the individual sub-networks showed reasonably high consistency with the final lncRNA and mRNA networks (Suppl. Fig.3A and 3B ).
In a scale-free network topology, 'hubs' are the most highly connected genes (of which there are relatively few among all the nodes within a network); thus, we also identified the hub genes for the significant modules. Of the three lncRNA modules associated with AD, Mblue was the largest containing 200 genes, Mbrown contained 105 genes and Mgrey 73 genes. As the genes in Mgrey are unassigned we attempted to identify hubs only in Mblue and Mbrown. Of the 305 transcripts clustered in the two modules, 70 transcripts were considered as candidate hubs, while among the five PCG modules we identified a larger number of hubs (N=368).
AD gene modules are enriched in alcohol related processes
Previous studies have shown that co-expressed genes are enriched for biologically relevant functions [49] [50] [51] . We used a gene set enrichment analysis (GSEA) to assess for enrichment of cellular process and biological functional categories in modules associated with AD. The gene lists for each module were generated by ranking all 2185 differentially expressed transcripts according to their MM to each of the five significant modules as previously described (49) . Using the default parameters in GSEA, at FDR of 25%, we identified 38 a priori gene sets significantly enriched in four of the five PCG modules associated with AD (Table 1) significantly exceeded the number of negative (N=2,254) correlations (Mann-Whitney U test p=1E-36). In these analyses, we observed generalized as well as module specific correlations. For example, hubs from the blue and brown lncRNA modules showed distinct either negative or positive correlations, respectively with hubs from the black PCG module (Fig.3A and 3B) . Similarly, hubs from the blue lncRNA module were exclusively positively correlated with the hubs from Mturqoise PCG module, while hubs from the brown lncRNA module were negatively correlated with Mturqoise. We further observed that the unique module correlations also drove the strongest positive and negative individual lncRNA/PCG hubs correlations. For example, the strongest negative correlation (Pearson r=-0.72, p=1.63E-11, q=2.07E-8) was observed between lncRNA (G075391) a hub gene in the brown lncRNA module on chromosome 7 and VPS51 (a member of the vacuolar protein sorting-associated protein 51 family) a hub from Mturquoise on chromosome 11. Further exploring the negative correlation between these two hubs we observed a moderate mediating impact of G075391 on the expression of VPS51 between cases and controls (ANCOVA, F=5.07, df=1, p=0.028). In the gene expression analysis, G075391 was overexpressed in the alcohol subjects, while VPS51 was underexpressed (Fig. 4) suggesting that one potential mechanism by which G075391 contributes to the neuropathology of AUD is by reducing the expression of VPS51. The entire list of positive and negative lncRNA/PCG hub correlations at FDR of 5% is provided in supplementary table (Suppl. Table 5 ).
To better understand the overall functional role of the two significant lncRNA modules, we performed a pathway enrichment analyses using the Co-lncRNA webtool (40) 
Genetic variants affect lncRNA and PCG expression in a disease specific manner
To understand the underlying genetic mechanisms of AD risk polymorphisms we further integrated the lncRNA and PCG hubs expression data from our significant modules with previously collected genotypic data (22) . Due to the small sample size, we focused on testing cis-eQTLs (defined within 1Mbp up-and down-stream from the tested loci) only. At FDR of q≤0.3 we identified 293 eQTLs that impact hubs expression, with disproportionate number of eQTLs for the PCG (n=282) vs. lncRNA (n=11) hubs (Suppl. Table 6 ). In a follow up analysis, we further tested these 293 eQTLs for an interaction between genotype and disease status; at FDR of 5% we identified 31 interactions that mediate the expression of 30 PCG hubs, and one lncRNA hub (G054549) on Chr. 3 ( Table 2 ). The most significant interaction we observed was between FKBP prolyl isomerase 5 (FKBP5) and rs9394312 on Chr. 6 (Fig.5) .
GWAS signals of AUD show suggestive enrichment in our lncRNA specific eQTLs
While we and others have shown alcohol related eQTLs are enriched for GWAS signals of AUD and other alcohol related phenotypes (ARPs) in the protein coding genome (53) , no such studies have been performed to interrogate for such enrichment in lncRNA genes. To increase power of our test and be rather inclusive, we selected all eQTLs significant at the nominal p≤0.05. At this threshold level we have identified a total of 3064 eQTLs (366 lncRNA and 2698 PCG specific eQTLs). The assessment of enrichment was performed by using the SST test (Suppl. Text) and we detected only a suggestive enrichment (p=0.16) of AUD signals, most likely due to the underpowered alcohol PGC sample and our own postmortem brain sample.
Discussion
The main goal of this study is to profile the expression patterns of the non-coding and coding transcriptome of NAc in a large sample of subjects with AD and controls. The NAc is a central component of the mesocorticolimbic system (MCL) and has been shown to be involved in addictive behaviors (54) (55) (56) . By integrating GWAS data previously collected on the sample(22) with our expression data, we further attempted to reveal hitherto unknown relationships between lncRNA and PCG and to assess how this relationship is modulated by genetic variants in the brain. Unsurprisingly and in agreement with previous alcohol related postmortem brain expression studies, we identified differentially expressed PCG, suggesting that chronic alcohol consumption is associated with widespread transcriptomic changes in the brain. We further identified numerous lncRNA differentially expressed between alcoholic cases and control, supporting their involvement in the neuroadaptations associated with chronic alcohol consumption. Among the most significant differentially expressed PCG, were serpin peptidase inhibitor, clade A (alpha-1 antiproteinase, antitrypsin), member 3 (SERPINA3), interferon induced transmembrane protein 2 and 3 (IFITM2 and IFITM3) and solute carrier family 14 (urea transporter), member 1 (Kidd blood group) (SLC14A1), that were also identified from previous alcohol related postmortem brain gene expression studies(9;57).
Interestingly, we also detected a few differentially expressed pseudogenes, such as the annexin A2 pseudogene 2 and 3 (ANXA2P2 and ANXA2P3) and interferon induced transmembrane protein 4 pseudogene (IFITM4P) on chromosomes 9, 10 and 6, respectively. Previous postmortem brain expression studies have shown ANXA2P2 to be involved in stress response pathways in chronic alcoholics (57) , however, little is known about the functions of ANXA2P3 and IFITM4P; it appears that ANXA2P3 is involved in reducing lipids levels in response to statins (58) and in chronic obstructive pulmonary disease (COPD)(59), while no known functions were reported for IFITM4P.
A major limitation of the single gene expression analysis to identify and prioritize a set of genes associated with a given phenotype, is its inability to consider the complex molecular interactions between such identified genes(60); this is especially relevant in studying the non-coding transcriptome, which is poorly annotated, with many lncRNA genes still of unknown function. To address this limitation, we performed a weighted gene co-expression analysis (WGCNA), which allowed us to identify a set of co-regulated PCG and lncRNA. We identified three lncRNA modules and four PCG modules that were significantly correlated with AD. Among the significant lncRNA modules correlated with AD status was Mgrey. Genes in the grey module are frequently considered as 'noise', i.e. genes whose expression does not correlate with genes in the other modules, although there are suggestions that this interpretation may not always be accurate (61) . In general, the genes in the grey module are usually ubiquitously expressed, exhibiting oscillating or highly variable patterns of expression; of course these could also be simply assigned to the wrong module (62) . Regardless, one potential explanation for our observation could be that, at least some lncRNA, may impact the neuropathology of AD in isolation and not as a part of gene network. For example, other studies have also reported similar observation, where despite of their unassigned status, genes in Mgrey show significant disease associations in certain phenotypes (63;64) . Using the available quantitative measures of alcohol consumption, we further identified one lncRNA module and two PCG modules significantly correlated with amount of daily alcohol consumption after correction for multiple testing.
Interestingly, while we observed same PCG modules to be significantly correlated with both AD status and quantitative alcohol phenotype, no such relationship was revealed for the lncRNA module, suggesting that different sets of lncRNA genes may impact these related, yet distinct, measures of alcohol related phenotypes. To further understand the potential regulatory functions of lncRNA, we performed a series of correlation analyses between the hub genes identified from the significant lncRNA and PCG modules. In these analyses we observed highly significant positive and negative correlations, in which the positive correlations significantly outnumbered the negative correlations; this is not entirely surprising, considering that the positive correlation can reflect both a genuine regulatory function as well as co-expression patterns between lncRNA and PCG. We further observed that the module specific correlations were driven exclusively by lncRNA belonging to individual modules, suggesting that individual modules are likely to contain a set of lncRNA with different and non-overlapping functions. Indeed, in our pathway enrichment analyses we observed the PCG modules negatively or positively correlated with the lncRNA modules are enriched for distinct and mostly non-overlapping biological processes, further corroborating the suggestion that lncRNA involved in the neuroadaptation to alcohol consumption likely have non-overlapping functions. From our GSEA analysis, we observed that similarly to other studies(2;45;65), some of the PCG modules are also enriched for immune related or neurodegenerative processes. Immune related responses to alcohol consumption in the brain has been well documented (66;67) . Likewise, the neurodegenerative processes observed for some of our modules may reflect the nature of our postmortem sample composed exclusively from chronic alcoholics. This is not surprising considering that our sample is composed of subjects that have been exposed to alcohol for over two decades.
Both animal and human genetic models have demonstrated that prolonged exposure to alcohol leads to activation of the microglial population with the concurrent activation of immune related processes in the brain(68;69). It has been well known, for over several decades now, that prolonged and excessive alcohol drinking leads to loss of a brain matter(70;71), and consequently activation of genes involved in neurodegenerative disorders.
Integrating our expression and genetic data led to identification of eQTLs that affect lncRNA and PCG expression. Having an integrated view on the expression of lncRNA and PCG we were also interested to identify eQTL that can impact both lncRNA and PCG expressions; we, however, failed to observe eQTLs that have a shared impact on lncRNA and PCG expressions. We further observed disproportionate numbers of eQTLs for PCG vs. lncRNA genes. This could reflect either a genuine biological mechanism, or conversely can be due to a lack of sufficient power to reliably identify eQTLs for lncRNA whose expression is associated with AD. Interestingly, among the eQTLs affecting PCG expression, certain polymorphisms showed a strong interaction effect between PCG expression and disease status. Among these, the strongest interaction effect was observed for FKBP5 and (78) that identified a polymorphism near LOC151121 on chromosome 2, and iii) a study conducted by our own group that have reported several polymorphisms in LOC339975 (22) . However, in our study none of these three loci showed evidence for differential expression, which also agrees with our previous study reporting no evidence for differential expression of these loci, although we observed the expression of LOC339975 to be affected by the most significantly associated polymorphism (rs11726136) in NAc.
In summary, the main goal of this study was to test the hypothesis that lncRNA, as a novel class of none coding RNAs, may contribute to the neuropathology of alcohol dependence. In this study we identified a set of lncRNA and PCG differentially expressed between cases and controls.
Our gene network analyses identified lncRNA and PCG modules significantly correlated with AD in NAc, which were shown to be enriched for immune related processes and neurodegeneration. We further identified distinct patterns of correlation between the lncRNA and PCG hubs with minimal overlap between modules, i.e. either positive or negative correlations, but not mixed. Gene pathway enrichment revealed that of genes whose functions were related to immune, neurological and neurodegenerative processes. Finally, we identified eQTLs that affect the expression of lncRNAs and PCG hubs, with some of these eQTLs showing a clear mediating effect on the PCG expression between cases and controls. Unlike previous studies though, here we saw only suggestive enrichment for association signals among the eQTLs, which could be attributed to either a limited importance of lncRNAs in the etiology of AD, or most likely due to our limited sample size.
While our study is novel in its approach to integrate genetic and molecular data in postmortem alcoholic brains as well as addressing important questions regarding lncRNA involvement in the etiology of AD, it is not without limitations. First, postmortem brain studies are observational as manipulation of living human subjects is not possible. Although the cross-sectional nature of these studies limits the causal inference we can make, we believe the eQTL analysis is a major step toward clarifying the directionality of these observations. Secondly, although our sample size (N=65) is by far the largest postmortem alcohol study to date, in comparison with other publically available postmortem brain expression samples (79) used to study neuropsychiatric disorders such as schizophrenia, bipolar disorder or major depression, is still prohibitively small. However, we believe that with our careful experimental design and implementation of integrative multivariate approaches, we can circumvent some of these limitations and further broaden our understanding of alcohol addiction processes. We hope that our study will provide additional molecular targets that will help translate these advances into effective therapeutic strategies for patients suffering with substance use disorders. Thus, in conclusion, we believe our study to be important in the field, as to the best of our knowledge, it is among the first such studies to address the role of lncRNA in the neuropathology of alcohol addiction paving the road for future such studies. Suppl. Fig. 1 Microarray expression data validation using quantitative PCR. Expression levels of five genes measured by the expression array-based approach were validated using quantitative PCR in all 65 postmortem Nucleus Accumbens (NAc) RNA samples. Fig. 2 Unsupervised hierarchical clustering of the lncRNA and PCG differentially expressed at p≤0.05 was performed on the standardized expression values, which were centered at mean of 0 and SD of 1. The genes were clustered according to the similarity of their expression profile in PGS v.6.6 using complete linkage and Euclidean distance metrics. The color scheme of the Y-axis reflects the clustering based on diagnosis, while the color scheme of the X-axis is an arbitrary identification of the two large clusters.
Suppl.
Suppl. Fig. 3 Robust, bootstrapped version of WGCNA (rWGCNA). The purpose of rWGCNA is to assess for potential influence of outlier samples on network structure. We performed 100 iterations in which networks were created after first randomly subsetting 2/3 of the total samples. The resulting 100 networks were then 
